Accurate acquisition of the spatiotemporal distribution of urban forests and fragmentation (e.g., interior and intact regions) is of great significance to contributing to the mitigation of climate change and the conservation of habitat biodiversity. However, the spatiotemporal pattern of urban forest cover changes related with the dynamics of interior and intact forests from the present to the future have rarely been characterized. We investigated fragmentation of urban forest cover using satellite observations and simulation models in the Nanjing Laoshan Region of Jiangbei New Area, Jiangsu, China, during 2002-2023. Object-oriented classification-based land cover maps were created to simulate land cover changes using the cellular automation-Markov chain (CA-Markov) model and the state transition simulation modeling. We then quantified the forest cover change by the morphological change detection algorithm and estimated the forest area density-based fragmentation patterns. Their relationships were built through the spatial analysis and statistical methods. Results showed that the overall accuracies of actual land cover maps were approximately 83. 75-92.25% (2012-2017). The usefulness of a CA-Markov model for simulating land cover maps was demonstrated. The greatest proportion of forest with a low level of fragmentation was captured along with the decreasing percentage of fragmented area from 81.1% to 64.1% based on high spatial resolution data with the window size of 27 pixels × 27 pixels. The greatest increase in fragmentation (3% from 2016 to 2023) among the changes between intact and fragmented forest was reported. However, intact forest was modeled to have recovered in 2023 and restored to 2002 fragmentation levels. Moreover, we found 58.07 km 2 and 0.35 km 2 of interior and intact forests have been removed from forest area losses and added from forest area gains. The loss rate of forest interior and intact area exceeded the rate of total forest area loss. However, their approximate ratio (1) implying the loss of forest interior and intact area would have slight fragmentation effects on the remaining forests. This analysis illustrates the achievement of protecting and restoring forest interior; more importantly, excessive human activities in the surrounding area had been avoided. This study provides strategies for future forest conservation and management in large urban regions.
Introduction
Natural and anthropogenic disturbances during the process of urbanization strongly affect biodiversity and ecosystem dynamics in urban ecosystems, through the alteration of species richness, carbon stocks, and microclimates [1, 2] . Forested urban ecosystems are vulnerable to forest cover loss and fragmentation [3] [4] [5] . Although commonly adopted, forest cover change by itself is an incomplete indicator of forest capability in sustaining ecological services, since forest cover decrease does not always result in increase of ecological risk [6] .
Existing research has identified forest interior (i.e., interior and intact forests) as an indicator of habitat quality and forest fragmentation [7] . Interior and intact regions, as two types of fragmentation (little or no fragmented forests), can be defined as the forest areas that exist in forest-dominated neighborhoods of a specified size, and are not affected by nearby non-forested or disturbed forest habitats [8] . A variety of physical and biological mechanisms in fragmented forests can limit the ecological functions of those forests, although varied by conditions in forest interior environments [9] [10] [11] . Therefore, accurate assessment of forest interior is beneficial for monitoring forest change and fragmentation magnitude, as well as maintaining ecological values of the forests [6, 7, 12] . Moreover, assessing current and future forest fragmentation patterns related to forest cover change in densely populated and rapidly developing regions, is critical for understanding the impacts of economic development on urban ecosystems and designing policies to reduce the ecological risks [12] [13] [14] [15] [16] .
Aerial and satellite-based remote sensing has been commonly used for monitoring urban forest cover change and understanding urban forest cover and fragmentation patterns [17, 18] . Individual year or perennial data that employ moderate to coarse resolution imagery have been frequently investigated to track forest change and monitor fragmentation [19] [20] [21] [22] . Multi-temporal high resolution satellite imagery and light detection and ranging (LiDAR) data also play an important role in capturing accurate and detailed spatial patterns of fragmentation of urban forest cover, although the application of these datasets are limited in their spatial and temporal coverage [23] [24] [25] [26] .
Future changes in forest cover can be predicted using the knowledge gained from historical post-classification datasets and remote sensing observations [27] [28] [29] . The spatial and state transition-based change process modeling such as cellular automata (CA) and agent-based models, or their mixtures, are the most widely used methods in land cover change modeling [28, 30] . For example, a state-and-transition simulation model (STSM) was designed to overcome the limitations of Markov chains [31] for landscape change modeling by combining features with a CA model [32] . However, the cellular automation-Markov chain (CA-Markov) [28, 33] and STSM [34, 35] models differ in the representation of spatial interaction [34] , and their performances in predicting land cover change are largely unknown for urban forest ecosystems. Traditionally, a simple overlay of classified maps has been used in some studies to monitor post-classification change dynamics [36] . Mis-registration in maps and mixed pixels, however, will inevitably lead to spurious changes [36, 37] . Filters and simple morphological operations can omit change information, which can affect forest cover patterns [36] . Therefore, morphological change detection methods have been designed to overcome the above deficiencies [38, 39] . Thus, coalescing supervised object-based image classification as well as simulation methods for morphological post-processing of change detection used to generate subtle land cover changes in the urban forest are emerging. This is done because of the high level of accuracy and spatiotemporal suitability, as well as the continuity of data, are required to develop modeling of urban forest fragmentation patterns [25] .
Fragmentation metrics and analysis models have been widely utilized in existing studies to monitor landscape fragmentation patterns from local to global scales [19, 20, [40] [41] [42] [43] . Zhou et al. [22] explored the statistical relationships between urban expansion and forest loss and landscape metrics-based fragmentation using correlation analysis. It has been found that urban expansion was a major driver of forest loss, and its cover has impacts on forest fragmentation; however, the relationships between the spatiotemporal pattern of forest loss and fragmentation were rarely examined [22] . The moving window-based forest area density (FAD) method has the ability to quantify spatiotemporal changes of 
Satellite Data Preparation
Orthorectified high-resolution imagery acquired by Satellite Pour l'Observation de la Terre (SPOT) in 2002 and 2016 and by Rapideye in 2009 and 2017 was used in this study (Table 1, Figure 2 ). The rational polynomial coefficient (RPC) orthorectification was processed for SPOT data and RapidEye data based on the NASA Shuttle Radar Topographic Mission (SRTM) digital elevation model (DEM) data. Then the rectified multi-spectral and panchromatic (pan) SPOT data were subjected to Gram-Schmidt Pan Sharpening for image fusion to get the panchromatic data's high spatial resolution. The raw digital number values from the rectified RapidEye data were converted to top-of-atmosphere reflectance and then to do the FLAASH atmospheric correction. We then resampled them to 5 m with nearest neighbor interpolation to make the spatial resolution consistent for land cover mapping. 
Land Cover Mapping (2002-2017) with Object-Oriented Classification
We implemented an object-oriented classification method combining image segmentation and SVM classification algorithms to identify four land cover types for the NLR, including urban, forest, cropland, and water. To implement the image segmentation, image composites were created by combining near infrared (NIR), red edge (RE), and red bands for the RapidEye data, and NIR, red, and green bands for the SPOT imagery. We then used a segment mean shift algorithm to generate image segments from the image composites [48] . This algorithm identifies image segments by grouping together adjacent pixels with similar spectral characteristics, based on averaged values calculated with a moving window for each pixel [48] . Segmentation parameters, including the spectral detail value, spatial detail value, and minimum segment size from Table 2 , were used to generate the optimal segmentation objects and attributes. After image segmentation, we then applied the SVM algorithm to classify segmented objects based on the segment attributes (e.g., color, mean, standard deviation, count, etc.) into four land cover types with the training samples and DEM data. Sample polygons in the regions of interest (ROIs) for urban, forest, cropland, and water were collected on the segmentation objects referring to the Google Earth high resolution images ( Table 2) . All of the ROIs were extracted in locations where only a single land cover type covered the area. 
We implemented an object-oriented classification method combining image segmentation and SVM classification algorithms to identify four land cover types for the NLR, including urban, forest, cropland, and water. To implement the image segmentation, image composites were created by combining near infrared (NIR), red edge (RE), and red bands for the RapidEye data, and NIR, red, and green bands for the SPOT imagery. We then used a segment mean shift algorithm to generate image segments from the image composites [48] . This algorithm identifies image segments by grouping together adjacent pixels with similar spectral characteristics, based on averaged values calculated with a moving window for each pixel [48] . Segmentation parameters, including the spectral detail value, spatial detail value, and minimum segment size from Table 2 , were used to generate the optimal segmentation objects and attributes. After image segmentation, we then applied the SVM algorithm to classify segmented objects based on the segment attributes (e.g., color, mean, standard deviation, count, etc.) into four land cover types with the training samples and DEM data. Sample polygons in the regions of interest (ROIs) for urban, forest, cropland, and water were collected on the segmentation objects referring to the Google Earth high resolution images ( Table 2 ). All of the ROIs were extracted in locations where only a single land cover type covered the area. The classification results were assessed with the random sampling strategy to perform classification accuracy assessment. We acquired the same number of points for all types that are used for classification ( Table 2) from Google Earth imagery based on ground-truth data. We then generated the confusion matrix and calculated the overall accuracy and Kappa coefficient. The land cover products were then used as input data for the following steps in this study.
Land Covers Prediction Modeling
CA-Markov and STSM models represent two related but different land cover prediction techniques [28, 34] . We applied both models in this study and compared their prediction capability to determine the optimal method for further steps. The CA-Markov model integrates CA's capability of determining transition rules and simulating the spatial variation of every state in complex systems, and the Markov model's advantage of making long-term predictions for future land cover trends ( Figure S1 ) [33] . Here, we considered the dynamic changes in land cover as the Markov process. The cellular space refers to the land cover type map with its grid unit 5 m × 5 m as the cellular, the 5 × 5 adjacent grid pixels as neighboring cellular, and the four land cover types as four cellular states. The land cover type of the central cellular was determined using the transition rule based on the land cover type of the center cell and its adjacent grid cells at the previous moment ( Figure S1 ). We then established a land cover transfer matrix, a state transfer probability matrix, and a transition suitability atlas based on the land cover maps for two dates using the Markov model. We selected a 5 × 5 mean contiguity filter in the CA model process. All of the predictions of the land cover changes with the CA-Markov model were processed in IDRISI software. Unlike CA-Markov model, the STSM algorithm is a spatially explicit approach to projecting landscape dynamics based on a stochastic process [35] . This algorithm represents space as a set of discrete spatial units, and time as discrete steps. The change in the discrete state of each spatial unit over time is modeled as a stochastic process and the time-inhomogeneous rates of change between states are expressed as probabilities [34] . Here, we defined the possible state types as the four land cover types identified in this study ( Figure S2 ). We calculated the proportion of each transition type ( Figure S2 ) based on the land cover maps generated in Section 2.3 from two dates. We then generated a transfer matrix to determine the transition probability of each type in the STSM model and set the probability within a similar distance to ensure the reliability of the simulation occurrence position. Finally, a predicted land cover map was derived. All of the simulations were conducted using ST-Sim (Version 3.1.2) in SyncroSim software (Version 2.0.3) [49] . Model inputs and outputs were prepared using the "rsyncrosim" package in R software (Version 3.3.1) [49] .
To predict future land cover patterns, we first generated a land cover transfer matrix using the land cover maps created from 2002 to 2009 and from 2009 to 2016 in Section 2.3. We then applied both CA-Markov and STSM models to model the land cover types in 2016, 2018, and 2023 using a time interval of seven years. We further compared the CA-Markov and STSM modeling results in 2016 to identify the optimal method of land cover simulation. We assessed the overall accuracy and Kappa coefficients of the results based on the regions of interest (ROIs) for each land cover type ( Table 2) . We also assessed the spatial consistency of the simulation results from two models using a pixel-to-pixel Remote Sens. 2020, 12, 155 7 of 25 matching method. This method overlays the simulated and observed maps and to spatially identify each spatial consistency or inconsistency pixel type. We compared the area and overall accuracy of spatially consistent and inconsistent regions between the predicted map and the 2016 land cover map generated in Section 2.3. The optimal predictive model was selected based on the accuracy and spatial consistency assessments, and then used to project the land cover patterns in 2018 and 2023 based on our mapping results from 2009 to 2016.
Spatial Analysis of Observed and Predicted Forest Cover Change
After developing the current and future land cover maps, we analyzed the spatial patterns of land cover change in our study from 2002 to 2023 with two objectives: (1) to examine the temporal rate of change for each land cover type; and (2) to quantify the current and future area of forest gain and loss in the NLR.
We then utilized a commonly used land use dynamic degree model to describe the change rate of land use types during a specific period. This model calculates the annual dynamic degree of land cover types using the following equation [50] :
where K is the annual dynamic degree of one land use type over monitoring period time T, and U n and U n+t are the areas of this land use type at the beginning and end of period T, respectively [50] . A positive or negative K indicates a gain or loss in the spatial extent of one land use type. Abrupt, rapid, moderate, slow change, and no change were defined as >40%, 25-40%, 12-25%, 8-12%, and 0-7%, respectively [50] . We then applied the pattern-based morphological change detection (MCD) method to quantify the gain and loss area of forest cover [38] . This method captures the primary change area of loss and gain between two dates with morphological post-processing with three major steps ( Figure S3 ): (1) identifying forest gain and loss polygons by overlaying the land cover maps; (2) determining areas with a high probability of change; and (3) reconstructing land cover change objects [38] . Using this method, we mapped the homogeneous and contiguous forest loss and gain during 7-year intervals from 2002 to 2023. We then calculated the areas of forest loss and gain as well as the annual deforestation rate. In particular, the annual deforestation rate was defined as follows [51] :
where DR is the annual deforestation rate (in %/yr), FC t2 and FC t1 are the forest cover at both dates t 2 and t 1 , respectively, and t 2 -t 1 is the time-interval (in years) between those two dates.
Fragmentation Analysis of the Forest Cover Change Pattern
After capturing the areas with primary forest loss and gain, we used FAD, a simple metric of fragmentation, as a contextual variable associated with a given forest pixel to analyze the fragmentation patterns in our study area. This metric is calculated as the percentage of forest pixels in a fixed-area neighborhood [44, 52] . We calculated FAD at five measurement scales based on neighborhood sizes, including 7 pixels × 7 pixels (0.0008 km 2 ), 13 pixels × 13 pixels (0.0028 km 2 ), 27 pixels × 27 pixels (0.012 km 2 ), 81 pixels × 81 pixels (0.108 km 2 ), and 243 pixels × 243 pixels (0.969 km 2 ), to characterize the forest fragmentation for the years of 2002, 2009, 2016, 2017, 2018, and 2023.
We then classified the FAD values into six classes, including rare (density <10%), patchy (≥10%), transitional (≥40%), dominant (≥60%), interior (≥90%), and intact (100%), to describe the fragmentation patterns (Table 3 ) [44] . Since our study area is relatively small, we re-defined the thresholds for the rare (<20%) and patchy (≥20%) classes. Different FAD ranges were then labeled as high (0-19%), medium Remote Sens. 2020, 12, 155 8 of 25 (20-89%), and low (90-100%) fragmentation levels based on the FAD values within the neighborhood (Table 3) . Table 3 . Summary of six fragmentation classes based on forest area density (FAD).
No. FAD Class FAD Range [44] New FAD Range (This Study) Fragmentation Level
A moving window size of 27 × 27 was selected to characterize the final level of forest fragmentation to balance between small and large neighborhoods, which is sensitive to fragmentation varying at a higher and lower spatial frequency, respectively [21] . The measurements were conducted using the function "r.neighbors" in the "rgrass7" R package [53] . We also compared the fragmentation pattern in 2009 generated in this study with other products developed with multi-source moderate resolution satellite imagery. Specifically, we considered the Phased Array L-band Synthetic Aperture Radar (PALSAR) on the Advanced Land Observing Satellite (ALOS)-based forest/non-forest (FNF) product in 2009 [54] , and the 2010 forest/non-forest product developed from China's 30 m global land cover (GlobeLand30, "GLC30") dataset [55] (Table 4 ). To estimate the change of interior and intact forest impact on fragmentation of the remaining forests, we calculated the ratio of the net percent change in loss of forest interior and intact area (FAD ≥ 0.9) divided by the net percent change in total forest area [13] . Larger positive ratio values indicate the forest interior and intact area loss has larger fragmenting effects on other forests, while the value is equal to 1, that is reversed [13] .
We further compared the high-resolution pixels of forest loss and gain from 2002 to 2023 mapped with the MCD method, to understand the relationship between forest cover change (loss and gain) and fragmentation patterns (interior and intact regions, FAD ≥ 0.9) through the spatial analysis and statistical methods. The differences between gross gains and losses for FAD ≥ 0.9 represent the net changes of forest interior and intact area [11] . We intersected the forest loss pixels with the FAD ≥ 0.9 ones in 2002 to determine whether forest area losses were removing forest interior and intact area. We also intersected the forest gain pixels with the FAD ≥ 0.9 ones in 2023 to determine whether forest area gains were adding forest interior and intact area.
Results

Validation of Current and Future Land Cover Maps in the NLR
We summarized the accuracy assessment results of the RapidEye and SPOT-based land cover maps in 2002, 2009, 2016, and 2017 with selected ROIs (Table 5, Figure 3 ). The overall accuracy values were over 90% except for the year of 2002 (83.75%). The Kappa coefficient was over 0.78 for 2002 and reached up to 0.87-0.90 for the other years. To assess the land cover prediction capability of the CA-Markov and STSM models, we first generated a confusion matrix for the simulated maps in 2016 with our selected ROIs ( Table 5 ). The overall accuracy and Kappa coefficient based on the CA-Markov-based land cover map in 2016 reached 69.40% and 0.59, respectively, suggesting the superiority of the CA-Markov model over the STSM method (54.95% and 0.39, respectively). However, both methods were less accurate than the classification results derived from the 2016 SPOT imagery. We also examined the spatial consistency maps of the predicted 2016 map in comparison with the actual FNF map classified with SPOT imagery (Figure 4 ). The results of spatial consistency analysis show that the CA-Markov algorithm reached an overall accuracy of 76.14%, which was higher than the 73.53% accuracy of the STSM method. In addition, the STSM method identified a larger spatial inconsistent region (62.72 km 2 ) than the CA-Markov method (56.50 km 2 ). The spatial distribution of the predicted maps also suggests that the STSM results had more obvious noise (Figures 3 and 4) . Thus, the CA-Markov model was more effective than STSM in general and was identified as the optimal method for predicting land cover changes in the following steps ( Figure 3 ).
The total forest area estimated from the SPOT-based land cover map in 2016 was 49.22 km 2 for To assess the land cover prediction capability of the CA-Markov and STSM models, we first generated a confusion matrix for the simulated maps in 2016 with our selected ROIs ( Table 5 ). The overall accuracy and Kappa coefficient based on the CA-Markov-based land cover map in 2016 reached 69.40% and 0.59, respectively, suggesting the superiority of the CA-Markov model over the STSM method (54.95% and 0.39, respectively). However, both methods were less accurate than the classification results derived from the 2016 SPOT imagery. We also examined the spatial consistency maps of the predicted 2016 map in comparison with the actual FNF map classified with SPOT imagery (Figure 4 ). The results of spatial consistency analysis show that the CA-Markov algorithm reached an overall accuracy of 76.14%, which was higher than the 73.53% accuracy of the STSM method. In addition, the STSM method identified a larger spatial inconsistent region (62.72 km 2 ) than the CA-Markov method (56.50 km 2 ). The spatial distribution of the predicted maps also suggests that the STSM results had more obvious noise (Figures 3 and 4) . Thus, the CA-Markov model was more effective than STSM in general and was identified as the optimal method for predicting land cover changes in the following steps ( Figure 3 ). 
Spatial Patterns of Current and Future Forest Cover Change in the NLR
Analysis of the Landscape Change Pattern
We summarized the total area and the percentage of area for each land cover type in our current and predicted land cover maps for multiple years ( Figure 5 ). In general, we observed a gradually decreasing trend of forest area, while an increasing trend of urban, cropland, and water area. Specifically, we estimated a potential decrease of total forest area from 209. 4 The total forest area estimated from the SPOT-based land cover map in 2016 was 49.22 km 2 for the MLFP (Figure 3 ), which was much lower than the 64 km 2 recorded by the statistical data. The CA-Markov algorithm simulated the total forest park areas of 2016 and 2018 as 48.63 km 2 and 48.45 km 2 , respectively; that of 2018 based on the CA-Markov algorithm was close to the land use planning data (46.55 km 2 , 91.9% of the total area; www.pukou.gov.cn).
Spatial Patterns of Current and Future Forest Cover Change in the NLR
Analysis of the Landscape Change Pattern
We summarized the total area and the percentage of area for each land cover type in our current and predicted land cover maps for multiple years ( Figure 5 ). In general, we observed a gradually decreasing trend of forest area, while an increasing trend of urban, cropland, and water area. Specifically, we estimated a potential decrease of total forest area from 209.4 km 2 to 123.9 km 2 between 2002 and 2023 (40.8% decrease, about 52.3-88.4% of the total area). While we predicted about an 82.8% increase of the total urban area from 17.23 to 99.92 km 2 Figure S4 shows the highest annual land use dynamic degree of the urban area among all four types, with 29.2% from 2002 to 2018 and 22.9% from 2002 to 2023. This also indicates a rapidly expanding trend of urbanization. The annual land use dynamic degree of forest remained stable with a prominent moderate negative change (−13.1%) from 2017 to 2018, indicating a loss of forest land. Moreover, the dynamic degree of cropland in land use exhibited abnormally negative values (cropland loss) from 2016 to 2017 and 2017 to 2018, as well as a positive value (cropland gain) from 2018 to 2023. Generally, the loss and gain of cropland were estimated to almost remain balanced during the period studied. The spatial extent of the water region tended to increase after 2017; this trend was evident from 2017 to 2018 with moderate change. In terms of the time intervals of every seven years, the urban region had a positive dynamic degree resulting in a gain in the area, but with a decreasing trend. Meanwhile, the water region showed a trend from no change that evolved to an increase. A negative dynamic of forest loss was constantly detected that did not change noticeably in the period.
Analysis of Forest Loss and Gain
The forest cover change from 2002 to 2023 was mapped and summarized using the MCD method ( Figures 6 and 7) . For the entire study area, the annual average forest loss and gain rates were about 4.27 km 2 yr −1 and 0.09 km 2 yr −1 , respectively. In particular, the forest cover within the MLFP (Figure 6 , blue solid line) had the smallest amount of relative gain (0.14 km 2 ), loss (2.31 km 2 ), and net change (2.18 km 2 ) when compared to other land cover types. This forest cover change within the forest park was lower than its annual average amount for the entire study area, suggesting that the remaining region outside this park has experienced a massive forest loss (Figure 7) . Generally, the rate of forest loss increased continuously over time, although some areas experienced forest gain; but the annual net positive change during the three time intervals was monitored with no marked changes along with a slightly higher value between 2009 and 2016 (29.2 km 2 ; Figure 7 ). In the MLFP, continuous increases in forest loss and net change were found with a similar rising trend and had Generally, the loss and gain of cropland were estimated to almost remain balanced during the period studied. The spatial extent of the water region tended to increase after 2017; this trend was evident from 2017 to 2018 with moderate change. In terms of the time intervals of every seven years, the urban region had a positive dynamic degree resulting in a gain in the area, but with a decreasing trend. Meanwhile, the water region showed a trend from no change that evolved to an increase. A negative dynamic of forest loss was constantly detected that did not change noticeably in the period.
The forest cover change from 2002 to 2023 was mapped and summarized using the MCD method ( Figures 6 and 7) . For the entire study area, the annual average forest loss and gain rates were about 4.27 km 2 yr −1 and 0.09 km 2 yr −1 , respectively. In particular, the forest cover within the MLFP (Figure 6 , blue solid line) had the smallest amount of relative gain (0.14 km 2 ), loss (2.31 km 2 ), and net change (2.18 km 2 ) when compared to other land cover types. This forest cover change within the forest park was lower than its annual average amount for the entire study area, suggesting that the remaining region outside this park has experienced a massive forest loss (Figure 7) . Generally, the rate of forest loss increased continuously over time, although some areas experienced forest gain; but the annual net positive change during the three time intervals was monitored with no marked changes along with a slightly higher value between 2009 and 2016 (29.2 km 2 ; Figure 7 ). In the MLFP, continuous increases in forest loss and net change were found with a similar rising trend and had more than tripled over the period 2016-2023 (0.9 km 2 , 0.88 km 2 ) compared to 2002-2009 (0.27 km 2 , 0.15 km 2 ), respectively, while the opposite occurred with forest gain areas (0.02 km 2 , 0.12 km 2 ; Figure 7 ). 0.15 km 2 ), respectively, while the opposite occurred with forest gain areas (0.02 km 2 , 0.12 km 2 ; Figure  7) .
A progressive increase in the deforestation rate by 4.07 km 2 yr −1 (1.64% yr −1 ) was observed between 2002 and 2023 ( Table 6 ). For the three time intervals, the deforestation rate progressively increased from 3.45 km 2 yr −1 (1.57% yr −1 ) during the period 2002-2009 to 4.75 km 2 yr −1 (2.78% yr −1 ) during the period 2016-2023 ( Table 6 ). The smallest deforestation rate was detected from 2018 to 2023 (1.85 km 2 yr −1 or 1.35% yr −1 ). From 2016 to 2017, we calculated a high deforestation rate (4.01 km 2 yr −1 , 2.6% yr −1 ), which was followed by that during 2016-2023, but was greater than that of the period 2018-2023, indicating a noticeable increase of deforestation occurred between 2016 and 2018 ( Table 6 ). A progressive increase in the deforestation rate by 4.07 km 2 yr −1 (1.64% yr −1 ) was observed between 2002 and 2023 ( Table 6) . For the three time intervals, the deforestation rate progressively increased from 3.45 km 2 yr −1 (1.57% yr −1 ) during the period 2002-2009 to 4.75 km 2 yr −1 (2.78% yr −1 ) during the period 2016-2023 ( Table 6 ). The smallest deforestation rate was detected from 2018 to 2023 (1.85 km 2 yr −1 or 1.35% yr −1 ). From 2016 to 2017, we calculated a high deforestation rate (4.01 km 2 yr −1 , 2.6% yr −1 ), which was followed by that during 2016-2023, but was greater than that of the period 2018-2023, indicating a noticeable increase of deforestation occurred between 2016 and 2018 (Table 6 ). 
Analysis and Variation of the FAD-Based Forest Fragmentation Data
FAD-Based Forest Fragmentation Data and its Variability
Five moving window neighborhood sizes were chosen to calculate and map FAD-based forest fragmentation ( Figure S5 ). The change in forest fragmentation was not very obvious after 2002 after reviewing all of the window sizes; however, the change trend of the low and highly fragmented forest was consistent (Figure 8 and Figure S5 ). The area of forest with limited fragmentation had a general decreasing trend since 2002, with a small increase from 2018 to 2023. The area of highly fragmented forest remained relatively stable with no obvious dynamic change; only a slight difference was observed in and after 2018, especially in 2018. The forest area with a medium level of fragmentation initially increased and then decreased over time. The area of forest pixels belonging to the forests with a low level of fragmentation was at least 40 times greater than that of highly fragmented forest. Figure 9 shows the measurement results of FAD based on the neighborhood size of 27 × 27 that was selected as a compromise in 2002, 2009, 2016, and 2023 as discussed below. We reported that forests with a limited level of fragmentation accounted for the highest proportion of all of the fragmentation classes, while the percentage of forest belonging to the highly fragmented forest was relatively low from the main region map and three enlarged maps. Most region of MLFP has limited Figure 9 shows the measurement results of FAD based on the neighborhood size of 27 × 27 that was selected as a compromise in 2002, 2009, 2016, and 2023 as discussed below. We reported that forests with a limited level of fragmentation accounted for the highest proportion of all of the fragmentation classes, while the percentage of forest belonging to the highly fragmented forest was relatively low from the main region map and three enlarged maps. Most region of MLFP has limited fragmented in a high percentage of its forests. Additionally, the highly fragmented region was usually far from the forest interior regions based on visual judgment. In summary, the area with no forest fragmentation decreased with some variation, especially in the western part of the entire region after 2016 (Figure 9c ). Meanwhile, there was an evident but not dramatic trend towards fragmentation in MLFP. The forest areas with a low level of fragmentation were gradually being transferred to forest approaching a high level of fragmentation, most of which mainly occurred outside MLFP. Table S1 shows the relative contribution of each fragmentation class change separated for each type of change fraction and increase and decrease in fragmentation. Considering the internal change of the interior and intact class, a gross fragmentation decrease was found of 7.9%, 11.3%, and 1.0% Based on the selected window size of 27 × 27, the percentage of highly fragmented forest has increased from 0.1% in 2002 to 3.1% in 2018 and then decreased to 1.4% in 2023 (Table 7) . Overall, at least half of all of the forests had limited fragmentation with some variation. The decreasing trend of the percentage of forest belonged to the two forest classes with limited fragmentation (FAD ≥ 90%) decreased from 81.1% in 2002 to 64.1% in 2023, with a slight peak in 2017 (Table 7 ). In 2016, 62.9% of the forest had a limited level of fragmentation while only 0.7% of the forest was highly fragmented. However, by 2018, these percentages had changed to 59.6% and 3.1%, respectively. In 2023, the amount of highly fragmented forest was predicted to moderate, but the percentage was consistently higher than before 2018; moreover, the percentage of the forest interior region was lowest (12.1%) and remained consistent with that in 2018. Unfragmented (intact, FAD = 1) forest recovered in 2023 with the percentage (53.3%) being close to that in 2002 (57.4%, Table 7 ). Table S1 shows the relative contribution of each fragmentation class change separated for each type of change fraction and increase and decrease in fragmentation. Considering the internal change of the interior and intact class, a gross fragmentation decrease was found of 7.9%, 11.3%, and 1.0% for the sequence of three 7-year time intervals between 2002 and 2023, respectively. Excluding the changes between interior and intact forests, 54.6%, 55.7%, 53.8%, and 68.9% of all of the fragmentation increase was calculated for interior and intact transferring to other classes; meanwhile 46.3%, 44.8%, 49.8%, and 34.0% of all fragmentation decrease was found for other class transferring to interior and intact during 2002-2009, 2009-2016, 2016-2023, and 2002-2023 , respectively, leading to a gross forest fragmentation increase of 8.3%, 10.9%, 4.0%, and 34.9%, respectively. Overall, we summarized a net fragmentation change trend of an initial increase followed by a decrease during three time intervals among the changes between intact (i.e., no fragmented forest) and other classes (i.e., fragmented forest); the greatest fragmentation increase (3%) was detected between 2016 and 2023, and the greatest fragmentation decrease (0.4%) was between 2009 and 2016.
Detecting and Quantifying Changes of Forest Fragmentation
Estimation of the Multi-Source Data Impacts on Forest Fragmentation
We applied three datasets to derive the 27 × 27 window size-based fragmentation spatial patterns in 2009 ( Figure 10 ). High resolution data can detect finer levels of forest and fragmentation details than coarse resolution products ( Figure 10 ). For the MLFP, the majority of intact forest (FAD = 1) could be detected along with non-apparent interior forest (90% ≤ FAD < 1) and other levels of forest fragmentation in Figure 10a . While most of intact forest and the largest area of forest can be found in Figure 10b , and an obvious intact and interior forest and the least area of forest were found in Figure 10c .
identified, especially for dominant and interior forest, which were approximately twice greater than the data from medium resolution PALSAR and Landsat-based land cover data (Figure 11 ). Naturally but unexpectedly, the amount of intact forest identified by the GLC30 (44.5 km 2 ) was less than half of that found in this study (89.19 km 2 ) accompanied by the area of 81.31 km 2 found using the PALSAR data. Overall, the estimates of the area of dominant, interior, and intact forest (particularly the first two) by the high-resolution data exceeded their medium resolution counterparts. In addition, the high resolution RapidEye 5 m land cover data allowed the identification of the largest forest cover of about 185 km 2 , followed by the PALSAR 25 m forest/non-forest product (144 km 2 ), and the China's 30 m global land cover product (109 km 2 ). Meanwhile, the area of interior and intact forest had the same patterns among these three products.
Moreover, this discussion uses the FAD classes generated with the three data sources and defined in Table 3 . Figure 11 shows that an overall increasing trend for the area of forest fragmentation from rare forest (0-19%, <1 km 2 ) to intact forest (100%), particularly with the high resolution data. The substantial amounts of rare forest (0-19%), dominant forest (60-89%), interior forest (90-99%), and intact forest (100%) characterized by the high resolution land cover data were identified, especially for dominant and interior forest, which were approximately twice greater than the data from medium resolution PALSAR and Landsat-based land cover data (Figure 11 ). Naturally but unexpectedly, the amount of intact forest identified by the GLC30 (44.5 km 2 ) was less than half of that found in this study (89.19 km 2 ) accompanied by the area of 81.31 km 2 found using the PALSAR data. Overall, the estimates of the area of dominant, interior, and intact forest (particularly the first two) by the high-resolution data exceeded their medium resolution counterparts. 
Evaluation of Forest Fragmentation Dynamics Associated with Forest Changes
The loss rate of forest interior and intact area shows an increasing trend during the three time periods (Table 8) . A greater increasing trend in the first two time periods between 2002 and 2009 and 2009 and 2016 than the latter periods between 2009 and 2016 and 2016 and 2023 was observed. The net decreasing rate for area of interior and intact forest was larger than the rate of total forest loss, but with a little difference, and leading to their positive ratio (Table 8 ). From 2002 to 2023, the decreasing rate in the spatial extent of interior and intact forest was estimated as 43.44%, which was higher than the 41.95% of the total forest area, but with the lowest ratio of 1.04. The 2002-2009 period had the greatest ratio of 1.17 among all time periods (Table 8 ). Hence, although a greater net decrease rate of forest interior and intact area than that of the total forest area was generated, the ratio among all time periods was nearly equal to 1, suggesting that forest interior and intact area loss had slight fragmentation effects on other forests. Figure 12 illustrates the spatial pattern of forest loss and gain in relation to the forest fragmentation region from 2002 to 2023. We found that forest area losses were removing 58.07 km 2 of 
The loss rate of forest interior and intact area shows an increasing trend during the three time periods (Table 8) . A greater increasing trend in the first two time periods between 2002 and 2009 and 2009 and 2016 than the latter periods between 2009 and 2016 and 2016 and 2023 was observed. The net decreasing rate for area of interior and intact forest was larger than the rate of total forest loss, but with a little difference, and leading to their positive ratio (Table 8 ). From 2002 to 2023, the decreasing rate in the spatial extent of interior and intact forest was estimated as 43.44%, which was higher than the 41.95% of the total forest area, but with the lowest ratio of 1.04. The 2002-2009 period had the greatest ratio of 1.17 among all time periods (Table 8 ). Hence, although a greater net decrease rate of forest interior and intact area than that of the total forest area was generated, the ratio among all time periods was nearly equal to 1, suggesting that forest interior and intact area loss had slight fragmentation effects on other forests. Figure 12 illustrates the spatial pattern of forest loss and gain in relation to the forest fragmentation region from 2002 to 2023. We found that forest area losses were removing 58.07 km 2 of forest interior and intact area, which was approximately twice that of other fragmented forests. Meanwhile, forest area gains were adding 0.35 km 2 of forest interior and intact area, which was a fourth lower than that of other fragmented forests. Net forest loss in relation to forest interior and intact area (by 57.73 km 2 ) was approximately twice greater than other fragmented forests (by 29.58 km 2 ). We found a large area forest loss from intact and interior forest in the western forests of this study area, which was especially true for loss from intact forest. Although no obvious change was detected in the MLFP, there was a conspicuous forest loss from intact and interior forest in the southern part near the park.
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Discussion
Mapping Spatiotemporal Dynamics of Current and Future Forest Cover
This study demonstrated the effectiveness of using high-resolution remote sensing imagery with RapidEye and SPOT data for urban land cover mapping in the NLR of China, with an overall accuracy of more than 90%. Our results suggest that RapidEye data can contribute to urban forest monitoring by incorporating the RE band, which is sensitive to detecting vegetation based on the chlorophyll reflectance of absorbing wavelengths [56, 57] . We also show the strong capability of object-oriented classification using a support vector machine (SVM), which has been found superior to classifiers such as classification and regression trees and K nearest neighbor in existing research [58] . Recent studies have also suggested that the popularity of object-oriented classification with random forest has the best performance, and could be applied in future work [59] .
Using the CA-Markov and STSM algorithms, we found overall accuracy values of 69.40% and 54.95% and Kappa coefficients of 0.59 and 0.39 of the 2016 predicted land cover maps, respectively. to 2023. For example, "interior gain" means "forest area gain was adding forest interior;" "interior loss" means "forest area loss was removing forest interior". See Table 3 for definitions of forest area density classes.
Discussion
Mapping Spatiotemporal Dynamics of Current and Future Forest Cover
Using the CA-Markov and STSM algorithms, we found overall accuracy values of 69.40% and 54.95% and Kappa coefficients of 0.59 and 0.39 of the 2016 predicted land cover maps, respectively. Meanwhile, the CA-Markov-based method did not exceed the standard acceptable accuracy (85%) [28] . Nevertheless, it had reasonable consistency values (above 0.4) between two images based on Kappa values compared to STSM, although the results were not substantial and perfect [30] . Excluding the function of the prediction models, the accuracy of the existing land cover maps in 2002 and 2009 were found to entirely determine the predicted map in 2016, but a slightly lower overall accuracy of 83.75% was found in 2002 (Table 5) ; therefore, double errors from the two processes by classification and prediction may result in an unreasonable level of accuracy [28] . Moreover, the mis-registration of the two overlaying maps from 2002 and 2009 could lead to significant errors in our final results of predictive modeling or spatial overly consistency analysis [60] . Overall, the key point was the reasonable selection of the first two images [28] . Hence, it does not directly mean the validation and spatial consistency accuracy of the prediction maps in 2018 and 2023 will be lower than in 2016, because the accuracies of the first two years-based land change dynamics above 90% will reduce the errors of the change detection from classification. In addition, the parameters setting and the insufficient consideration of the driving factors (e.g., ecological damage, protection, and restoration, as well as urbanization) affecting land cover change during different time periods would affect the simulating process and accuracy [30] .
The overall accuracy assessment ( Table 5 ) and spatial distribution of predicted land cover map for 2016 ( Figure 4) suggest that CA-Markov modeling is superior to STSM in our study area. Compared to STSM, the CA-Markov algorithm integrates the advantages of both cellular automata (CA) and Markov chain. However, STSM can be considered a type of Markov chain; it is possible to observe a salt and pepper effect in the output image from the Markov procedure, which can limit the performance of the STSM algorithm [35] . Furthermore, developing forest cover maps with high spatiotemporal resolution for small regions such as NLR is still challenging because of the limited availability of imagery [26] .
Assessment of Forest Cover Change Detection Methods
In general, the forest type continues to dominate the study area but a long term decreasing trend was observed, while the deforestation rate or urbanization have increased rapidly especially since 2016. This could be explained by the establishment of NJNA in 2015 with urbanization and infrastructure construction continuing (www.najing.gov.cn). Additionally, this region has a mining area that was abandoned before 2000, leading to the complete removal of vegetation. This can be easily identified in the National Statistical Yearbook although high-resolution imagery is lacking for that time period. Some plantation forest and landscape reconstruction strategies have been adopted resulting in some forest recovery since 2002 ( Figure S6 ). Nevertheless, this might not function as a permanent solution for mine revegetation and recovery for these abandoned areas, because a decreased in forest cover was found in mining areas since 2011 ( Figure S6) .
Moreover, the trend of annual land use dynamic degrees of all of the land cover types reached agreement with the change of the area from 2002 to 2023. However, regional differences in land use characteristics were also found with the dynamic degree in annual monitoring period [50] . The cropland loss that experienced rapid and abrupt change in 2016-2017 and 2017-2018, and abrupt gain simulated for 2018-2023 may be caused by errors in the predicted land cover data such as the confusion between bare land and cropland in 2018, although this does not affect the calculation of forest loss and gain with the binary forest/non-forest data [38] .
Conservation and planning strategies for MLFP have been adopted (www.najing.gov.cn). Yet the overall trend of the planning area and land use from 2018 to 2027 (www.pukou.gov.cn) was inconsistent with the predictions for 2018-2023 ( Figure 6 ), especially for forests and croplands. Although model prediction results as a reference might have some uncertainties, it is necessary for policy makers to avoid deforestation and degradation practices and they need to implement the conversion of cropland to forests rather than to consider urbanization and construction in the future (www.pukou.gov.cn).
Assessment of Variations in Forest Fragmentation over Time
Existing studies have suggested that pixel size of land cover data or spatial scales can lead to different results during fragmentation analysis. For example, Ritters et al. [21] found that a smaller pixel size or high resolution data-based fragmentation analysis would not show more fragmentation when compared with larger pixel or lower resolution data. However, other studies indicate that high resolution data could detect more detailed anthropogenic fragmentation [61] , or larger contagious forest cover even at larger spatial scales [25] . It seems that choosing an appropriate scale of 27 × 27 with high resolution data at 5 m was reasonable and useful. This data-based technique showing the identification of the highest forest area was consistent with the results from Wickham and Ritters [25] . However, the former high resolution-based technique had detected more dominant, interior, and intact forest than the medium resolution data due to the high uncertainties in identifying low density disturbances [62] ; nevertheless, the latter had lower estimates of intact forest when compared with the high resolution data [25] . Otherwise, GLC30-based results had a trend that was inconsistent with those from the other data resolution sizes, especially for intact forest, because GLC30 was acquired starting from 2010. Ultimately, shifting from coarse or medium resolution sources to high resolution image sources is inevitable [25] .
A continuous expansion of human land-use would lead to further land degradation, create highly fragmented zones, and impact the interior forest; however, the opposite issue can been seen in Figure 9 [7, 61] . Usually, protecting transitional and adjacent areas might limit expansion or degradation of the transitional areas; the condition of forests with limited fragmentation appears to transfer to highly fragmented forests and was consistent with the effect of protective measures in the NLR [61] . A lack of control efforts on the degree of expansion could cause high levels of fragmentation, such as the effects on the interior forests caused by expansion of the NJNA in 2016 ( Table 7 and Table S1 ). Additionally, either ecological restoration or mining restoration were adopted between 2009 and 2016 and add to the existing forest area (Table S1 ), but these efforts to not mean a rapid elimination or reduction in fragmentation, because these restoration efforts may not produce larger patches of interior forest because the total forest area has already decreased ( Figure 9 , Table 7 ) [63] . Wader et al. [61] considered that having the greatest amount of intact forest was easy to achieve even with high levels of fragmentation in South Africa. In general, forest protection and restoration measures taken by the policymakers devoted to managing the NJNA have restored the interior forest, especially the intact forest from 2018-2023 in MLFP (Figure 9 , Table 7 ) (www.pukou.gov.cn). Hence, having a large area of intact forest is extremely important when eliminating or reducing any current or future human-caused fragmentation, such as between 2016 and 2023 (Table S1) [1, 11, 15, 64] .
Forest Cover Change and Effects on Forest Fragmentation
The transitions between forest fragmentation classes could be explained by forest loss and gain in our study [11] . Although the majority of forest area loss can be found in what was previously interior forest, most forest area gain was not sufficient to add interior forest ( Figure 12 ). This discovery was consistent with that of Ritters and Wickham [11] and Ritters and Costanza [15] . Since the forest interior and intact loss area was greater than total forest loss area, we suggest that forest interior patterns could be more suitable for understanding the effects of human activities [11] . Most forest area loss was from interior and intact forests ( Figure 12 ), but few effects were found on other remaining forests (Table 8 ) depending on the direct conversion of forest interior to non-forest area, such as that caused by urbanization and infrastructure, which occurs at a certain distance from the forest edge land type [13] . Otherwise, loss of the restored forests in the mining area concentrating in the western part of the study region had a slight influence on the remaining area when compared to the entire area, because conservation and restoration measures may improve the connectivity of interior forest ( Figure 12 ) [41] . Moreover, several studies have proved that increasing forest cover may not necessarily lead to a more homogenous forested landscape, and may trigger increasing or decreasing forest fragmentation, depending on the rate, extent, and causes of the increase in forest cover such as land-ownership and land-use legacy patterns [15, 63] . Since forest gain follows mining activities, harvesting or land abandonment is a slow and gradual process ( Figure S6 ) [65] , incorporating spatial data covering a long time period such as 50 years or more from the historical era to the future rather than merely considering 20 years as important to capturing the effects of increases of forest cover on forest fragmentation [63] .
Uncertainties and Future Work
The present study focused on urban forests in the NLR, which represents only a small portion of the entire NJNA. Our findings in the Laoshan Region likely differ from the results for the entire NJNA, due to the variability in topographic, social, and economic factors [47] . Although forest cover maps developed with high-resolution remote sensing imagery with intrinsic differences between image capturing sensors and external differences in model parameter settings and driving factors might improve the accuracy of fragmentation mapping [25, 30, 40, 66] , multi-sources, temporal data, and algorithms, including LiDAR, advanced mapping models, in situ inventories, and biodiversity data are required to enhance our understanding of the causes and consequences of forest fragmentation [19, 47, 66, 67] . Nevertheless, monitoring the abrupt changes in forest interior, especially for intact forest, can assist effective conservation efforts in urban forest ecosystems [12, 68, 69] .
Conclusions
In this work, we proposed a method to understand the relationship between forest cover change and forest fragmentation in the Nanjing Laoshan Region of Jiangsu, China from 2002 to 2023. We integrated object-oriented classification and landscape modeling to derive current and future forest cover maps based on high-resolution remote sensing data. Our results demonstrated the capability of high-resolution land cover products to identify detailed forest change patterns. We then explored the forest cover change with the MCD method and fragmentation pattern based on the FAD to examine the effects of forest changes on interior and intact forests. We identified a decreasing trend of forest area and net forest area loss related to the interior and intact forests. We also found a slight fragmentation effect of forest change on the remaining regional forests, indicating the overestimation of ecological risks from the loss of forest interior and intact region, caused by the protection and restoration of interior forests. Although challenges exist for examining the effects of urban forest change on fragmentation when combining satellite observations and in situ measurements, this sustained task in exploring forest interior and the forest itself is critical to providing sustainable management guidance for rapidly changing urban forest regions.
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